Summary: This paper contributes an assessment for estimating rice (Oryza sativa L., irrigated lowland rice) biomass by canopy reflectance in the Sanjiang Plain, China. Hyperspectral data were captured with field spectroradiometers in experimental field plots and farmers' fields and then accompanied by destructive aboveground biomass (AGB) sampling at different phenological growth stages. Best single bands, best two band-combinations, optimised simple ratio (SR), and optimised normalized ratio index (NRI), as well as multiple linear regression (MLR) were calculated from the reflectance for the non-destructive estimation of rice AGB. Experimental field data were used as the calibration dataset and farmers' field data as the validation dataset. Reflectance analyses display several sensitive bands correlated to rice AGB, e.g. 550, 670, 708, 936, 1125, and 1670 nm, which changed depending on the phenological growth stages. These bands were detected by correlograms for SR, NRI, and MLR with an offset of approximately ± 10 nm. The assessment of the three methods showed clear advantages of MLR over SR and NRI in estimating rice AGB at the tillering and stem elongation stages by fitting and evaluating the models. The optimal band number for MLR was set to four to avoid overfitting. The best validated MLR model (R 2 = 0.82) at the tillering stage was using four bands at 672, 696, 814 and 707 nm. Overall, the optimized SR, NRI, and MLR have a great potential in non-destructive estimation of rice AGB at different phenological stages. The performance against the validation dataset showed R 2 of 0.69 for SR and R 2 of 0.70 for NRI, respectively. 
timate AGB on a large scale using airborne or satellite-borne remote sensing data by applying evaluated models. The hyperspectral satellite EnMap, which is scheduled for 2016, will provide data with two separate sensors for the aquisition of VNIR and SWIR in the spectral domain of 420 nm -2450 nm with 30 m ground resolution similar to the Hyperion data (SCHWIND et al. 2012) . By simulating the spectral properties of EnMap with field spectroradiometer data, models can be developed and evaluated for EnMap-based estimation of AGB (KAUFMANN et al. 2010) .
The relationship between reflectance and agricultural crop characteristics has been investigated in many studies in the last decades (THENKABAIL et al. 2000) . Most of those studies focused on nitrogen, leaf area index (LAI), or yield estimation, but rarely on AGB estimation, since there is a strong correlation between LAI and AGB (SHIBAYAMA & AKIYAMA 1989 , FILLELA & PENUELAS 1994 . Studies that use hyperspectral ground data to estimate AGB have been carried out for grass, wheat, and for rice (RICHARDSON et al. 1983 , SHIBA-YAMA & AKIYAMA 1986 , ANDERSON & HANSON 1992 , SERRANO et al. 2000 , HANSEN & SCHJOER-RING 2003 , WANG et al. 2008 , BA-JWA et al. 2010 .
The common method to estimate AGB from reflectance is based on the application, improvement, or development of spectral indices (SIs). Optimised or improved standard SIs such as SR and NRI represent best band selections based on correlograms (THENKABAIL et al. 2000 , STROPPIANA et al. 2009 , KOPPE et al. 2010 ). In addition, MLR has been applied in several studies, since this method provides flexibility in the choice of bands (SHIBAYAMA & AKIYAMA 1989 , TAKAHASHI et al. 2000 , YU et al. 2013 . Futhermore, MLR is more reliable than SIs that is saturated at high LAI levels (YANG & CHEN 2004 , HABOUDANE et al. 2004 . It is simpler and more flexible for the adoption by growers and crop consultants than partial least square (PLS) (BAJWA et al. 2010) .
Many AGB studies were conducted in greenhouses under controlled conditions or the spectral reflectance was measured in the laboratory (SONG et al. 2011) , but not in the field. Furthermore, most results, proposed SIs, or developed models were not validated us-
Introduction
In the field of crop science, the aboveground dry biomass (AGB) and nutrient use efficiency are considered to be the major factors for determining the final yield (RAUN & JOHNSON 1999) . AGB influences at each phenological stage the amount of grain production, since the yield is defined as the amount of grain, straw, and AGB. Furthermore, knowledge of crop development characteristics and its spatial and temporal variation in the field are useful for determining crop requirements such as N-fertilisation as closely as possible and for achieving acceptable yields, e.g. for rice (FAG-IERA 2007) .
Traditional methods to estimate AGB involve direct destructive measurements in the field, which are time-consuming, expensive, and require intensive field work. In the context of precision agriculture, proximal sensing is a promising and well investigated tool to avoid the destructive approach (GEBBERS & ADAMCHUK 2010). Field canopy reflectance can be measured with portable handheld or mobile spectroradiometer, e.g. Yara N-Sensor (AGRI-CON 2013) and can be used to support farmer's decisions on crop management such as fertilisation, pest management, or irrigation.
Hyperspectral measurements in the field can also be used as groundtruth or for model development in analysing satellite imagery. The disadvantage of hyperspectral and multispectral satellite images is the high dependence on a clear sky at the image aquisition time, while spectroradiometers can be used in the field with some cloud cover for approximately 3-4 hours around solar noon. Spectroradiometers are fast and the most important non-destructive devices. They have a continuous acquisition of all reflectance values in a given spectral range of 350 nm -2500 nm with a high spectral resolution of < 2 nm -5 nm (MILTON et al. 2009 , ORTENBERG 2011 .
In many studies, the in-field reflectance measurements are acquired and required for calibrating satellite-borne hyperspectral data using, e.g. EO-1 Hyperion imagery (PSOMAS et al. 2011 , KOPPE et al. 2012 or of airbornebased data, e.g. HyMap imagery (CHO & SKID-MORE 2009). The goal of these studies is to es-about 109,000 km 2 . The area is characterised by a sub-humid continental monsoon climate. The mean annual temperature is about 2°C and the mean precipitation sums up to 550 mm per year. The frost-free period is about 130 days long. The rice fields belong to the northernmost cropping rice system in China and to the northernmost ones worldwide. The rice is sown in mid-April (in heated greenhouses), is transplanted after the frost period to the field from the middle to the end of May, and is harvested around end of September. The fields are controlled flooded and manured with Nfertiliser before transplanting the seedlings. The main two objectives of this study are (i) to investigate the potential for rice AGB estimation from the canopy reflectance and (ii) to develop and evaluate the proposed AGB estimation models. The first step contains an analysis of the AGB variation, the analysis of the relationship between canopy reflectance and N-application and AGB. In a second step, three methods to estimate AGB by the reflectance are tested with a calibration dataset using experimental field data: Single bands, best two band-combinations (SR and NRI), and MLR. Finally, the three methods are transferred to an independent dataset using farmers' field data under conventional management.
Material and Methods

Study Area and Experimental Design
The research was carried out at the Qixing farm (47.2°N, 132.8°E) in Jiansanjiang, Heilongjiang Province, Northeast China. The farm is located in the Sanjiang Plain ( Fig. 1) , which is an alluvial plain from three rivers (Heilongjiang, Songhua, Wusuli), and covers Ten sample counts in the spectrum averaging (settings in the ASD software) were repeated at 6 positions per plot. They were averaged per plot in order to reduce the atmospheric influence, e.g. clouds and wind, and field conditions, e.g. planting in rows. Overall, approximately 14,000 spectra (unaveraged) were collected from 2007 to 2009.
Aboveground Biomass (AGB) Collection
The AGB was measured destructively by clipping three (booting to heading stage) to five (tillering to stem elongation stage) hills of the measured rice plants. All plant samples were rinsed with water, the roots were clipped, and then the samples were divided in their plant organs leaf, stem and head. They were oven dried at 105°C for 30 minutes, and dried at 70°C until constant weight. The AGB was weighed later. In this study, the combined total dry AGB was used and not the individual AGBs from the different organs (leaf, stem, head). Altogether, 1,685 AGB samples were collected from the tillering to heading stages.
Spectral Indices (SIs) and Stepwise Multiple Linear Regression (MLR)
Single bands or combinations of up to four different bands were tested for their explanatory value. In addition, spectral indices representing two bands were analysed: simple ratio (SR) and normalised difference vegetation index (NDVI). They are widely used for the prediction of biophysical quantities of crops and were developed by JORDAN (1969) and ROUSE et al. (1974) . In this study, the focus is on using the best band-combinations to optimise the SR and NDVI for AGB estimation due to the saturation of the NDVI (HA- BOUDANE et al. 2004) . The optimised NDVI is also known as normalised ratio index (NRI) and was suggested to determine the best bandcombinations (THENKABAIL et al. 2000 , SIMS & GAMON 2002 . All possible combinations were computed from the wavelengths in the domain of 350 nm -1800 nm. The two band-combisize of 1,400 m 2 . In most cases, the cultivar Kongyu131 was planted.
Hyperspectral Data Collection
Hyperspectral and agronomic data were collected in [2007] [2008] [2009] . Before taking the spectral reflectance, the average number of tillers in each hill was determined per plot in order to measure the reflectance of representative plants ( 
Data Analysis and Statistics
Original spectral data were used to average the six spectra per plot. The spectra were not smoothed, but significant outliers were excluded from the analysis. In addition, the stepwise MLR provided a method of feature reduction and a statement about the optimal band number to estimate AGB. Basic analyses were conducted like descriptive statistics of AGB, analyses of canopy spectra under different N-rates, and growth stages before using the data as a calibration dataset. The calibrated models were validated using an independent dataset to test the transferability of the models. The following statistic parameters, root-mean-square error (RMSE) and relative error (RE) against the observed mean, were used to calculate the fitness between the observed and estimated data. All statistical analyses were conducted in SPSS 20.0 and Statistica 6.0 (STATISTICA 2013).
Results
Temporal AGB Variation
AGB production and development are dependent on crop growth conditions such as weather, soil and nutrition. Tab. 1 illustrates the temporal AGB variation in diverse years and growth stages for the experimental sites. Generally, AGB production tends to increase from the tillering to the heading stage. Overall, it ranges from 0.1 t/ha to 14.1 t/ha across all stages and years. The rice crop had a high variation in AGB (CV > 30 %), especially during the early growth stages. During the later stages booting and heading, the variation was lower (CV < 30 %). Temporal variation between the three years is significant. In 2009, the temperature was lower than in the previous years, so the AGB production was lower with a mean AGB value of 0.8 t/ha -7.0 t/ha. Highest values were observed in 2008.
nations were calculated with a self-developed Java program, analysed and plotted as a contour diagram using MATLAB 7.0 software (MATLAB 2013). Due to the noises caused by water absorption in the SWIR domain, the bands from 1330 nm to 1480 nm, and 1770 nm to 1800 nm were excluded from the analyses.
Only the best two band-combinations are presented in the results. The SR and NRI equations are defined as (3) and (4):
where ρ reflectance value
For the analysis of AGB in relation to one feature, irrespectively if a single band or index was used, correlation analysis was applied.
The method attempts to model the relationship between two or more variables by fitting a linear regression equation to observed data. Single bands, but also combination of two, three, and four different bands were tested using a stepwise multiple linear regression (MLR). This allows selecting predictors of dependent variable based on statistical criteria. The observed data is the dependent variable of the model. In this study, the AGB is the dependent variable and the single bands are the independent variables. In total, 1,250 bands were analysed in SPSS 20.0 (SPSS 2013) and the best MLR models are presented in the results. The MLR equation is defined as (5):
where
clustered here as one spectrum. Mostly, the differences between the first (0 kg·N/ha) and the second N-rate (35 kg·N/ha) were not significant in the reflectance. Similarities were also observed for the fourth (105 kg·N/ha) and fifth (140 kg·N/ha) N-rate.
Rice canopies showed a diverse reflectance at different growth stages. As an example, a dataset of four stages in 2008 was used to display the response of a rice crop from the tillering to the heading stage (Fig. 3, right) . At an early phenological stage, the reflectance was mainly influenced by the soil and water of the paddy field, where the AGB production was low due to low LAI.
Generally, the reflectance increased from the tillering to the booting stage and decreased from the heading stage due to starting senescence of the plant. Maximum reflectance was observed at the booting stage. The canopy LAI and the biochemical components of the plant changed at different growth stages, which evidently influenced the reflectance.
Canopy Reflectance Spectra under Different N-rates and at Different Growth Stages
The reflectance spectra of the rice canopies clearly indicated differences in AGB or LAI that resulted from different N-rates and at various phenological growth stages. The spectra of the experiment plots with five different Nrates at the booting stage in 2008 were taken as an example to display the response pattern of canopy reflectance (Fig. 3, left) . Generally, the reflectance spectra tended to increase with rising LAI in the NIR (700 nm -1100 nm) and SWIR (1100 nm -1800 nm) regions, whereas the opposite occurred in the VIS (500 nm -700 nm) region. The canopy LAI responded to N-application. Higher reflectance response occurred with lower N-application. Especially, in the green (500 nm -600 nm) and red (600 nm -700 nm) regions, obvious visible differences were detected. There was a high increase in the five spectra in the RedEdge region (670 nm -740 nm), which were 
Relationship between AGB and Spectral Reflectance
The correlation coefficients between AGB and canopy reflectance at different phenological stages and in different years are presented in Fig. 4 . First of all, the correlation between AGB and reflectance at different stages is described (Fig. 4, left) . The pattern of the R (correlation coefficient) curves was similar at the different stages and across all stages except for the heading stage. Lowest absolute R values were observed at the tillering stage as a R 2 values except at the stem elongation stage. Moreover, they are similar in the band-combinations ± 20 nm). At the tillering stage, the SR (ρ 822 , ρ 716 ) has the best performance (R 2 = 0.58). At the stem elongation stage, the NRI (ρ 1678 , ρ 1575 ) displayed the best results (R 2 = 0.75) versus other stages (Tab. 2, Fig. 5 ). At the booting stage, SR (ρ 695 , ρ 513 ) and NRI (ρ 695 , ρ 515 ) performed similarly (R 2 = 0.54) using almost equal bands. Due to the changes in the canopy reflectance by biochemical components of the plant, all AGB predictors result in lower R 2 values (< 0.3) at the heading stage. However, across the whole monitored season, high R 2 values were observed (R 2 > 0.6) for a high sample number (n = 1015). SR (ρ 713 , stage and at wavelengths of 936 nm across all stages. Two peaks are noticeable in the SWIR domain. The first one is located as a local minimum in the reflectance at wavelengths of 1125 nm at the booting and heading stages, which is not detected in the early stages of tillering and stem elongation. Additionally, the plotted R curves show some noises in the SWIR domain for the booting and heading stage. The noises were only observed in the 2007 data due to partly cloudy sky during the measurements. As a second peak, a local maximum in the R curves is observed at wavelengths of 1670 nm at tillering and stem elongation.
The plotted curves for the correlation coefficients (R) between AGB and canopy reflectance show strong differences from year to year (Fig. 4, right) . In general, the relationship seems to be diverse in all three years. Across all years, the highest R values are observed (R > 0.75), and in 2007 the lowest (R > 0.6). In summary, sensitive bands are located at around 550, 670, 708, 936, 1125 and 1670 nm. ρ 550 ) showed its best performance here (R 2 = 0.75). The best single band was 936 nm (R 2 = 0.62), which is also important for the MLR models.
Model Calibration by single Bands, SR and NRI
MLR Model Calibration
MLR analyses were conducted in two directions: i) assessment of the optimal band number, ii) MLR-models with 1-4 single bands. Generally, with respect to the first direction, the MLR models explain 50-93 % of the variation in AGB (Fig. 6) . The highest performance was observed at the stem elongation stage (R 2 = 0.93 with 18 bands), the lowest at the heading stage (R 2 = 0.50 with 17 bands). At the tillering stage, the R 2 reached a value of 0.82 with 19 bands and at the booting stage, a value of 0.60 with 7 bands. The accuracy of the MLR models was quite good. Across all stages, 35 bands explained 88 % of the bio- are characterised by four features: Linear rise, saturation, again linear rise and finally asymptotic trend. Despite the stepwise increasing of bands, the performance of the models showed an indication of overfitting (after 2-3 bands). iii) For this reason, the optimal number was set to four. The best MLR models are listed in Tab. 3 separately for each stage and across all stages. mass variability. However, the results indicated that the best MLR model was dependent on the number of independent variables. A higher number of variables cause higher R 2 values, but the number of bands has a limit. Fig. 6 demonstrates the relationship between the band number and the performance of the MLR models at each stage. The relation is illustrated as a curve for each stage. The curves ing in experiments and large scale in farmers' fields). When the SR-, NRI-, and MLR-models were evaluated with data from farmers' fields, the R 2 values were significantly smaller (0.38-0.51 at the stem elongation stage and 0.42-0.70 across all stages). However, at the tillering stage, the R 2 values were significantly higher (0.62-0.82) than the calibration values.
Discussion and Conclusion
In comparison to reflectance-based estimation of AGB for wheat or other cereals, the estimation of rice AGB is linked with a lower relationship between reflectance and AGB resulting in a lower R 2 performance of the models. Single bands, optimised SR and NRI, as well as MLR-based methods were able to explain 80 % -90 % of the biomass variability in wheat, e.g. ZHU et al. (2008), BAO et al. (2009 ), KOPPE et al. (2010 , but only 60 % -80 % in rice, e.g. PATEL et al. (1985) , SHIBAYAMA & AKI- YAMA (1989) , TAKAHASHI et al. (2000) , WANG et al. (2008), and BAJWA et al. (2010) .
In this study, the performance of the investigated indices SR and NRI (R 2 = 0.75) was in the range of published studies, while MLR performed better (R 2 = 0.93). The bands of NRI were similar as in the study of STROPPIANA et al. (2009) for rice AGB across all stages. Their analysis indicated highly correlated AGB (R 2 > 0.9) in the RedEdge. In the case of MLR, the optimal bands in this investigation were comparable to those by WANG et al. (2008) . They also set the optimal band number to four to estimate AGB of rice, and they detected several bands in the SWIR domain. There was a clear cluster of SWIR bands, especially at the stem elongation stage, when the rice AGB was highly correlated with LAI . These bands represent the maximum reflectance in the 1500 nm -1800 nm domain and are sensitive to lignin, starch and protein (KU-MAR et al. 2003) .
Furthermore, one key objective of our study was the transfer of the optimised SIs and newly developed MLR models, which were investigated from data collected in field experiments, to real practice: Farmers' rice fields under conventional management. In this study, the up-scaling from the experimental to the The results indicate that regression equations and the significant bands vary between the phenological stages. The performance of the models was improved by adding stepwise an additional independent band. For example at stem elongation, the R 2 values increased from 0.48 (MLR-1) to 0.74 (MLR-4) and across all stages from 0.62 (MLR-1) to 0.77 (MLR-4). Due to the high sample number, all results are significant at p < 0.0001 except for the heading stage. It is striking that many of the bands are located in the NIR and SWIR domain, but only some in the VIS domain.
Calibration against Validation
The calibrated (SR-, NRI-, MLR-) models were validated by an independent dataset (Tab. 4). Generally, the models using 2-4 single bands are the most promising for estimating AGB. Only one band explained AGB variability the least. In the case of MLR, the models tended to overfit already when fitting with 2-3 bands. This caused a slight increase of the R 2 and the RMSE values, though more bands were used for modeling.
At the tillering stage, the top identified models all used RED (672 nm, 692 nm) and NIR bands (707 nm -1052 nm), while at the stem elongation stage NIR bands (763 nm, 780 nm) and SWIR bands (1325 nm -1760 nm) dominated, and across all stages GREEN bands (533 nm, 550 nm), NIR bands (713 nm -1027 nm) and a SWIR band (1659 nm) were selected. In most cases, the validated MLR-models provided the best results with highest R 2 values (R 2 = 0.82 at the tillering stage, R 2 = 0.51 at the stem elongation stage). The performance of the models at the booting and heading stages was worse (R 2 < 0.19). In addition, the RMSE values increased till to 3.49 t/ha. These models are useless for regionalisation. Across all stages, the SR showed its best performance (R 2 = 0.70). The RMSE values are reasonable, but the RE shows relatively high values (RE > 40 %). This fact can be explained through the different management of the experimental fields (manual work by fieldworkers) and farmers' fields (mechanical work by tractors and airplanes) and the different plot size (small scale farm-be a problem. Up-scaling from small experimental to larger farmers' fields often yielded lower model predictability, e.g. LI et al. (2010) and PSOMAS et al. (2011) , like in this study at the stem elongation stage.
Several different calculations could have been carried out in this study to partially avoid overfitting with MLR. For example, prior studies have shown that PLS, support vector machine (SVM), principle component analysis (PCA) and neural network approaches can also partly help to avoid this problem. In addition, the comparison of estimation of fresh and dry AGB would be of great value, since several studies displayed a better predictability of fresh rice AGB, e.g. YANG & CHEN (2004) . Due to the changing of the reflectance characteristics in the different plant organs, the AGB estimation should be investigated in the different organs leaf, stem and head as well. Future studies should involve data from large fields for calibration and for validation, which should be independent of each other. Moreover, sensor fusion could improve the validation as well, as shown for the radar and hyperspectral data combination by KOPPE et al. (2012) . Better development or validation of reliable models could be also achieved by crossvalidation and bootstrapping (RICHTER et al. 2012) .
After several improvements, the models of this study, especially these with high predictability at the tillering and stem elongation stages, could be tested by EnMap or other sensors from the space. This study showed the high potential in estimating dry AGB by MLR with 3-4 independent bands, but also by SR and NRI. These bands could be easily tested and evaluated for a larger area by UAVs (unmanned aerial vehicles) carrying hyperspectral sensors or cameras, or by satellite-borne hyperspectral sensors such as EO-1 Hyperion and EnMap, or the airborne sensor HyMap.
farmers' field level was promising using 2-4 bands by SR, NRI and MLR at the tillering (R 2 = 0.82) and the stem elongation stage (R 2 = 0.51). Prosperous scaling approaches from plots to the regional level were demonstrated to estimate LAI (LAUSCH et al. 2012) , plant diseases (LAUDIEN & BARETH 2006) , or AGB in wheat (KOPPE et al. 2012) . But also high resolution and multi-temporal TerraSAR-X images indicated a high potential (R 2 = 0.80) of estimating rice AGB, e.g. KOPPE et al. (2013) . However, these studies focused on SIs or radar backscatter to transfer the models.
Several problems occurred during upscaling in this study, e.g., RedEdge shift and model overfitting. Best performing bands changed at different growth stages due to an increase or decrease of canopy reflectance in diverse spectral regions. Probably, the shift of the RedEdge and changes in the chlorophyll concentration due to the different N-application or different management in experimental and farmers' fields caused problems in model transferability. Temporal changes in RedEdge and chlorophyll concentration are a known fact, e.g. HORLER et al. (1983) and FILLELA & PE- NUELAS (1994) . The overfitting occurred with 2-3 bands and reduced the model predictability by MLR. Therefore, more bands improved the statistical relation, but not the model transferability. Nevertheless, since MLR is widely used for AGB estimation, PLS could probably improve the results. HANSEN & SCHJOERRING (2003) showed that PLS performed better in predicting AGB compared to SIs. In a study for AGB estimation of rice, THAKAHASHI et al. (2000) achieved a better fitting by MLR, but a worse predictability than by PLS. Their results are comparable to this study at the stem elongation stage. In addition, the AGB variability is also diverse at each stage. The highest variability in AGB was observed, especially at the stem elongation stage. Probably, the water of the paddy field, but also wet soil could partly have some impact in the models at the tillering and stem elongation stages, when the plant cover was low. Since the same rice cultivar was planted in the experimental as well as in the farmers' fields, it should have no influence on the models. The different management such as controlled conditions in experimental and uncontrolled ones in farmers' fields might
